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Text-to-text Modeling of QA-based Semantics
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(1) Overview

Semantic representations enable applications to understand, process and generate natural language.
QASem is an evolving paradigm which captures semantic relations with natural-language question-answer pairs.
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We release a unified QASem tool based on a seq2seqg model, easily applicable for downstream tasks.

(2) Background

Complex tasks require semantic representations to
exert control over textual information units -

(4) Modeling

We fine-tune T5 models to generate a set of
guestion-answer pairs per predicate/sentence.
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Our models set a new SOTA for the 3 QASem tasks.
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Other popular representations are based on
natural-language with minimal structure
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Open Information Extraction Summary Evaluation using QA (e.g. wang et. al., 2020)
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(5) Effect of Output Linearization

Does the ordering of QAs in sequence affect performance?

QASem - a semi-structured mid-point Can permutation augmentation improve results?
> systematic set of QAs, covering different predicates & roles PQA'SIEL FU”FI }?A_SRI% Smﬂgl

> natural though restricted question format Random-Order 741 586 655 | 654 600 62.6
61.6 487 544 | 503 461 48.1

76.3 644 699 | 684 59.1 634
63.7 53.8 384 | 52.0 45.0 48.2
747  63.8 68.8 | 69.6 584 63.5

Role-Order

Answer-Order 62.5 533 57.6 | 534 449 488

A Permtations 63.1 648 640 | 66.1 50.I 624

. , 51.0 523 516 | 529 473 500
“ QA-SRL captures verbal predicate-argument — . 752 600 667 | 658 583 618
. . ixed-Fermutations 622 496 552 | 50.6 448 47.6
relations (FltZGerald et al., 201 8, He et al., 201 5). 775 628 673 | 643 600 621

Linear-Permutations 609 527 565 | 505 47.1 4818

+ QANOM captures predicate-argument relations

of nominalizations (Klein et al., 2020). * Consistent order (Role / Answer) is better than random

“ QADiscourse captures the discourse relations
between two statements (Pyatkin et al., 2020).

* Augmentation is beneficial when training size is small
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https://huggingface.co/spaces/kleinay/gasem-demo

Check out our preprint and demo

https://arxiv.org/abs/2205.11413
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